RNA sequencing has proved to be an efficient high-throughput technique to robustly characterize the presence and quantity of RNA in tumor biopsies at a given time. Importantly, it can be used to computationally estimate the composition of the tumor immune infiltrate and to infer the immunological phenotypes of those cells. Given the significant impact of anti-cancer immunotherapies and the role of the associated immune tumor microenvironment (ITME) on its prognosis and therapy response, the estimation of the immune cell-type content in the tumor is crucial for designing effective strategies to understand and treat cancer. Current digital estimation of the ITME cell mixture content can be performed using different analytical tools. However, current methods tend to overestimate the number of cell-types present in the sample, thus under-estimating true proportions, biasing the results. We developed MIXTURE, a noise-constrained recursive feature selection for support vector regression that overcomes such limitations. MIXTURE deconvolutes cell-type proportions of bulk tumor samples for both RNA microarray or RNA-Seq platforms from a leukocyte validated gene signature. We evaluated MIXTURE over simulated and benchmark data sets. It overcomes competitive methods in terms of accuracy on the true number of present cell-types and proportions estimates with increased robustness to estimation bias. It also shows superior robustness to collinearity problems. Finally, we investigated the human immune microenvironment of breast cancer, head and neck squamous cell carcinoma, and melanoma biopsies before and after anti-PD-1 immunotherapy treatment revealing associations to response to therapy which have not seen by previous methods.
Introduction
Recruitment and activation of immune cells to the tumor microenvironment are closely associated with clinical outcome (Mantovani et al. 2008; Gajewski et al. 2013) . The malignant phenotype of cancer is defined not only by the intrinsic activities of cancer cells but also by components in the tumor microenvironment, especially tumor-infiltrating immune cells. The immune infiltrate in both primary and metastatic sites correlates closely with patient prognosis and survival in several cancer types (Fridman et al. 2017) . Cytotoxic CD8 T cells are mostly linked to prolonged survival (Galon et al. 2006) . For example, a high density of CD8+ T cells is predictive of a longer overall survival duration in patients with breast cancer, head and neck cancer and colorectal cancer (CRC) with hepatic and/or lung metastases (Fridman et al. 2017 ), but also predicts poor overall survival in patients with lung metastases from clear cell renal cell carcinoma (ccRCC) (Giraldo et al. 2015) .
Immunosuppressive T-regulatory cells are associated with shorter survival in non-small cell lung cancer (NSCLC), pancreatic and breast cancer, RCC, hepatocellular carcinoma (HCC) and melanoma (Fridman et al. 2012; Fridman et al. 2017) . In most tumors, macrophages mainly display an M2 phenotype, generally favoring the growth and development of an invasive and pro-angiogenic phenotype. The density of such macrophages correlates with a poor prognosis among patients with breast, bladder, ovarian, gastric, or prostate cancers, RCC and melanoma (Fridman et al. 2017) .
Based on the protumorigenic properties of M2-macrophages, several clinical trials are currently testing the effect of macrophage inhibitors in combination with PD-1/PD-L1-and CTLA-4-targeting immunotherapies (Yang and Zhang 2017) . Conversely, a high density of M1-macrophages has been correlated with a favorable prognosis among patients with ovarian and gastric cancer, NSCLC and HCC (Fridman et al. 2017) .
The development of new and effective anti-cancer immune therapies based on immune checkpoint blockade (ICB) has revolutionized the treatment of cancer due to the significant improvement of patient survival in several indications (Couzin-Frankel 2013; Callahan et al. 2016 ).
However, since therapy remains ineffective for a substantial number of patients, there is an urgent clinical need to identify and develop predictive biomarkers of response to ICB both to foster precision immunotherapy and to understand and overcome the mechanisms of resistance. Retrospective analyses of patient immune infiltrate revealed that tumor-immune phenotypes influence response to immune checkpoint inhibitors (Havel et al. 2019) . Hence, the characterization of the immune tumor microenvironment (ITME) has been suggested as a predictor of therapy response and outcome (Bense et al. 2017) . Therefore, its analysis represents a possible, reliable biomarker of response to therapy (Fridman et al. 2012; Herbst et al. 2014; Tumeh et al. 2014; Mariathasan et al. 2018; Havel et al. 2019) .
Several computational approaches and algorithms have made possible to systematically infer the ITME composition levels, i.e. digital cytometry, in large-scale cancer patient datasets using gene expression information (Gaujoux and Seoighe 2013; Yoshihara et al. 2013; Cesano 2015; Newman et al. 2015; Becht et al. 2016; Aran et al. 2017) . Thanks to these computational approaches, the immune cell content, represented by a reference molecular signature of known cell-types gene expression profiles, can be computationally dissected from a subject gene expression profile by means of statistical and/or machine learning linear methods (Abbas et al. 2009; Newman et al. 2015; Li et al. 2017; Monaco et al. 2019; Newman et al. 2019) . A recent study in pan-cancer samples has demonstrated that the presence of T-lymphocyte and B-lymphocyte signatures, estimated by a digital cytometry method, is associated with a favorable prognosis . The presence of specific plasma-cell signatures was also associated with a good prognosis. Among T-cell subsets, the presence of regulatory T-cells (Tregs) indicated a poor prognosis, whereas a signature that included γ δ T-cells constituted the most influential factor indicating a favorable prognosis. Signatures including myeloid cells (macrophages, neutrophils, eosinophils granulocytes and dendritic cells), NK cells, and also those including memory B cells were all associated with a poor prognosis . Although these works show the potential of deconvolution methods to infer the immune infiltrate, current methods have been compared with highly controversial results regarding their efficacy (Li et al. 2017; Hunt et al. 2018) . Here it is shown that current competitive state of the art methods (Abbas et al. 2009; Newman et al. 2015; Hunt et al. 2018; Monaco et al. 2019) tend to overestimate the number of present cell types, providing inaccurate and biased proportion immune estimates as well as lack of robustness to multicollinearity of the cell-types profiles present in the signature matrix and prediction dependent bias. These problems may negatively impact their reliability as therapy response biomarkers, as well as their use to infer cell-type gene expression profiles from bulk sample cohorts (Newman et al. 2019) .
To overcome such limitations, we developed a new digital cytometry method, MIXTURE, utilizing a v-SVR-based noise constrained Recursive Feature Selection algorithm. We compared MIXTURE against the current state of the art methods (Abbas et al. 2009; Newman et al. 2015; Hunt et al. 2018; Monaco et al. 2019) to estimate 22 mature human hematopoietic populations and activation states cell-type proportions [LM22 molecular signature from ] over simulated and flow cytometry derived cell-type proportions data. We have also analyzed patients' data from breast cancer (BRCA -TCGA), head and neck squamous cell carcinoma (HNSCC) with known survival outcome, and melanoma patient biopsies with known response to immunotherapy.
Our analyses show that MIXTURE outperforms the competing methods and helps to estimate the immune cell landscape associated with outcome and response to immune checkpoint blockade accurately.
Results

Algorithm Overview
The linear deconvolution of the cell types present in a gene signature matrix (X), holding N genes for k cell types, associated with the components of a mixture of cell types present in a tumor gene expression profile (Y), involves solving the following regression model equation
where the proportions for all cell types in the mixture sample is represented by the column 
Simulated scenarios
We compared MIXTURE performance against state of the art algorithms (i.e ABBAS, ABIS, CIBERSORT and DTANGLE) over simulated, flow cytometry derived benchmark data and cancer data sets as follows:
Scenario 1: the algorithms were tested using Y as: S1.1) the single pure cell types present in the LM22 signature matrix (i.e. the same cell types of the immune cell-type molecular signature X were alternatively used as the observed expression profile; i.e., Y=X k , X k being a column of the gene signature matrix LM22 from , S1.2) Simulated mixture of cell types without noise: between 2 and 8 cell types of the immune cell-type molecular signature LM22 were randomly selected to simulate Y, X being the LM22 matrix. At each simulation run, the cell type proportions were sampled from a uniform [0.2, 1] distribution and normalized to satisfy the sum-to-one constrain. Then the cell-types were multiplied by the sampled proportions and summed to build the simulated Y. The process was simulated 1000 times. For the Scenario S1.3, the simulated mixture of cell-types with noise was same as S1.2 but adding a noise vector to Y; this noise vector is composed of a random sample of N (i.e., the number of genes in the signature matrix) values of gene expressions drawn from LM22.
Scenario 2: S2.1) The same data from Newman et al., 2015 and Hunt et al, 2018 were used.
The Newman Follicular Lymphoma (FL) data set, generated by taking lymph node biopsy samples and enumerating the immune cell sub-types using flow cytometry . In this case, the process identified 3 leukocyte types (B, CD8, and CD4) in various proportions across 14 patient samples. Since LM22 contains 22 cell-types, the proportions of those leukocytes types were summarized according to . S2.
2) The Newman Peripheral Blood Mononuclear Cells (PBMC) data, generated from blood samples from 22 adults where the proportion of nine leukocytes were determined by flow cytometry.
Scenario 3: The algorithms were applied over real data to evaluate: S3.1) the 1095 Breast Cancer TCGA biopsies (Cancer Genome Atlas 2012), downloaded from TCGA repository site in November 2018 (see supplementary material). These RNA-Seq data used to feed the PBCMC R library (Fresno et al. 2017) . In order to confidently assign subjects to the PAM50 intrinsic breast cancer subtypes S3.2) Transcriptomic samples of 81 head and neck squamous cell carcinoma (HNSCC) primary tumors (Rickman et al. 2008) used to investigate the propensity for subsequent distant metastasis from patients initially treated by surgery that developed or not-developed metastases as the first recurrent event. S3.3) Transcriptomic tumor samples from 68 patients with advanced melanoma, who progressed on the anti-CTLA-4 drug ipilimumab or were ipilimumab naive, before and after they commenced anti-PD-1 therapy with nivolumab (Riaz et al. 2017) .
Comparing methods over simulated data
When cell-type proportions were estimated under scenario S1.1, the expected result was the identification of a single cell type in the sample and the remaining ones should be determined as null. The CIBERSORT tool estimated between one (23% of the cases) and 8 cell-types present in the sample. This tool is affected by floating-point errors since those regression coefficients associated with false cell-type detection ranged between 1e -4 and 2e -4 . The ABBAS method estimated between 6 and 9 cell-types. The range of those falsely detected cell type coefficients was between 2e-5 and 0.32, also suggesting sensitivity to floating-point errors. The DTANGLE method always estimated 22 cell-types with a range for falsely detected cell-type coefficients between 5e -4 and 0.35. The ABIS method does not constraint ߚ 0
were considered as null cell-types. In this sense, it estimated between 10 to 13 cell-types and the falsely detected proportions range between 2e -5 to 0.25 for those estimated ߚ 0
and between -0.21 to 0.25 for all estimated ߚ (i.e. truly and falsely detected cell types). All these methods overestimated the number of cell types in a given sample; consequently, they underestimated the true proportion of the real cell type, except the ABIS, which may over and/or underestimate, since it does not satisfies the non-negativity and sum-to-one constraints (Avila Cobos et al. 2018) . Also, high regression coefficients associated with false cell-type detection by ABBAS, ABIS and DTANGLE mimic correlation coefficients patterns of the molecular signature matrix (see Supplementary Figure 1 ), suggesting collinearity problems affecting their estimations. On the contrary, MIXTURE indicated the presence of only one cell type in all the simulated samples.
In Figure 1 it is represented the estimated number of cell types, for the simulated cell-type mixture samples, in both scenarios S1.2 and S1.3 (without noise -left panel and with noise -right panel). It can be observed that ABBAS, ABIS and DTANGLE methods overestimate the number of cell-types; in particular, DTANGLE always provides 22 cell-types. The CIBERSORT method provides accurate estimated coefficients for mixtures samples without noise (S1.2), overestimating mainly for mixture samples composed with less than four cell-types. However, it significantly overestimated the number of cell-types for mixture samples with noise compared against MIXTURE (Wilcoxon paired test, p < 0.001) which provides much more accurate estimates in any simulated scenario, thus resulting the method less affected by noise. In Figure 2A be the most robust to estimation bias (no statistically significant difference between both methods), in accordance with results from Scenario S1.3. However, for the PBMC case, MIXTURE resulted to be the most robust against the overall mean difference between estimated and true flow cytometry derived proportions as well as shows to be more robust to bias towards high proportion values. It can be observed that the smooth curve (light blue continuous line), resulted closer to the error=0 value along the FCD axis for MIXTURE compared to the rest. In tables 1 and 2, the mean and standard deviation of the difference between estimated and flow cytometry derived cell-type proportions are shown (horizontal lines continuous and dashed lines, respectively, in Figure 2 ). It can be observed that ABIS and MIXTURE present the lesser overall bias (no significant difference between them, Wilcoxon paired test) for the FL data. However, MIXTURE resulted in being the one providing the lesser mean in PBCMC data sets for both FCD > 0 and FCD = 0. These differences were significantly smaller (paired Wilcoxon test p < 0.01) against the other methods. and chemo-resistance in breast cancer (Velaei et al. 2016) . Several clinical studies indicate an association between the high influx of TAMs in tumor and the poor prognosis of hepatocellular, ovarian, cervical, breast cancer, among others (Qiu et al. 2018 ). Moreover, it has been revealed that M2 macrophages play a significant role in tumor development. This advocates for the efficient identification of the ITME to discover potential therapeutic targets that may help in the development of new therapies targeting tumor-associated macrophages (Hammerl et al. 2018 ).
Since all methods except those based on v-SVR present collinearity problems as well as high overall standard deviation errors, we applied CIBERSORT and MIXTURE to 1095 primary tumor (including 113 normal tissue) BRCA TCGA subjects (Scenario S3.1) to explore the ITME and its association with the outcome and PAM50 intrinsic subtypes. The subjects were confidently classified into the five PAM50 intrinsic breast cancer subtypes employing the PBCMC algorithm (18% Basal-like, 11% Her2-Enriched, 12% Luminal B, 25% Luminal A, 25% Not Assigned and 9%
Normal-Like). We found that MIXTURE provides between 0 and 11 cell-types while CIBERSORT between 8 and 17, suggesting cell-type overestimation of the latter one. In Table 3 , the proportion of samples for which each cell-type was identified is shown for the tumors samples. It is possible to observe that for most of the cell types MIXTURE identifies much fewer samples. However, MIXTURE identifies cell types known to be highly related to breast cancer survival with better discrimination power than CIBERSORT (see Figure 3 ), such as M2-macrophages, present in 97.72% of the tumor samples, follicular T-helper cells (93.79%), M0-macrophages (79.00%) and M1macrophages (77.63%). They were the cell types more frequently found in breast cancer samples (see Table 3 ). It was described that tumor-associated macrophages (TAM) exhibit high plasticity in response to various external signals and play critical roles in innate and adaptive immune responses controlling numerous ITME factors strongly associated with clinical outcome (Choi et al. 2018 ). 
MIXTURE analysis reveals a differential immune infiltrate on HNSCC that correlates with
PFS and OS
Head and Neck tumor development is closely related to the host immune system where the use of immunotherapy in the management of metastatic HNSCC may pave the way for future treat-ment due to their promising results (Schoenfeld 2015) . These results advocate the study of the ITME and outcome association. For instance, Rickman et al, have predicted future metastasis development and characterized molecularly head and neck squamous cell carcinoma (HNSCC) based on transcriptome and genome analysis data (Rickman et al. 2008) . The authors investigated the propensity for subsequent distant metastasis in head and neck squamous cell carcinoma HNSCC using 186 primary tumors from patients initially treated by surgery that developed (M) or did not develop (NM) metastases as the first recurrent event. Although the authors found that the most significantly altered transcripts in M versus NM were associated with metastasis-related functions, including adhesion, motility and cell survival, the study did not address the role of the immune infiltrate in the development of future metastasis. Here, we have inferred the immune infiltrate by CIBERSORT and by MIXTURE analysis of transcriptomic data of 41 biopsies from HNSCC patients who metastasized (M) vs. 40 biopsies from HNSCC patients who did not present metastasis (NM). We found that M2-macrophages were significantly increased in NM patients by CIBERSORT (p=0,034) while MIXTURE did not find a statistical significance between the M and NM cohorts ( Figure 4A ). The protumorigenic role of M2-macrophages has been widely reported and the literature does not support the increased proportion of this cell population in NM patients. Oppositely, while CIBERSORT did not find a differential infiltrate related to the monocyte infiltrate in the M vs. NM cohorts, MIXTURE found that the monocyte population was significantly increased in the metastatic (M) group ( Figure 4B) . This finding is supported by a previous study in HNSCC showing that patients with high monocyte frequency had lower survival with 8% 5-year overall survival (OS) compared to 65% 5-year OS for patients with low activation levels (Aarstad et al. 2015) . Although this study was performed on peripheral blood, it shows a link between increased monocyte activation and decreased survival in HNSCC patients. drug ipilimumab or were ipilimumab naive, before and after they commenced anti-PD-1 therapy with nivolumab. We analyzed public transcriptomic data from this cohort (Riaz et al. 2017) to study the tumor immune infiltrate before and during immunotherapy treatment in patients responding (Responders) and not-responding (Non-responders) to anti-PD-1 therapy using the CIBERSORT and MIXTURE algorithms. Figure 5 shows that both methods revealed changes in distinct immune cell subsets before and during nivolumab therapy in responders and non-responders. However, only MIXTURE analysis revealed that M2-macrophage infiltrate decreased in biopsies from responding patients while CIBERSORT analysis only showed a trend that did not reach statistical significance ( Figure 5A) .
This difference could be explained by the CIBERSORT limitation of underestimating highly represented immune cell populations. Vast evidence indicates that M2-macrophages are key players components of the immuno-suppressive tumor microenvironment (Cassetta and Kitamura 2018;  DeNardo and Ruffell 2019) and several M2-macrophage targeting strategies (depletion, reprogramming, and targeting functional molecules) have been proposed to enhance the efficacy of the immune checkpoint inhibition. Tumor-associated macrophages were suggested as important therapeutic targets to enhance the efficacy of checkpoint blockade immunotherapies (Mantovani et al. 2017 ) thus its accurate identification turns crucial in understanding their tumor-associated activities and the design of novel anticancer agents. Also, the M2-macrophage population decrease in biopsies from patients responding to immunotherapy as previously shown for anti-CTLA-4 therapy (Yu et al. 2016) .
Interestingly, only MIXTURE analysis revealed an increase in the proportion of T-cells has been identified as the most significant predictor of survival in some cancer types including ovarian cancer, in which these cells display critical immunosuppressive effects by releasing high amounts of pro-tumorigenic galectin-1 (Rutkowski et al, 2015) . In the last years, these cells have 20 become critical cells with both effector and immunosuppressive activity in cancer settings. These findings suggest that MIXTURE analyses are more robust and meaningful. 
Discussion
In this study, we present a new digital cytometry method, MIXTURE, for accurate estimation of cell-type content of bulk tissues which provide a meaningful understanding of the ITME behavior in cancer samples. The MIXTURE algorithm implements a novel approach to handle the overesti- However, they were not found by using CIBERSORT proportion estimates.
The same happened with follicular T-Helper cells and γ δ T cells, where MIXTURE estimates allow to identify known and well-described associations with survival for BRCA and with therapy response for melanoma. On the contrary, CIBERSORT found an association of their M2macrophages estimated levels with the development of metastasis in HNSCC meanwhile MIXTURE not. However, we were not able to find supporting bibliography evidence of such association. Conversely, MIXTURE provides monocyte levels and their association to metastasis development, which has been previously reported. All these differences may be due to both floating-point errors and an incomplete feature selection process as well as collinearity that may lead to missing estimation of cell types number and proportion levels. Collinearity problems have been recognized strongly affecting the estimation of cell type contents in digital cytometry and has been addressed in tools like TIMER (which use OLS), but the method should be set for each molecular signature trough a specific correlation analysis thus it cannot be easily extended to other molecular signature matrices.
In this context, SVR method has been proven to be robust to collinearity in several scenarios (Fernandez et al. 2011; Newman et al. 2015; Newman et al. 2019 ). However, the noise constrained RFE implemented in MIXTURE improves the collinearity robustness of the v-SVR implemented in CIBERSORT, with the consequent advantage of diminishing the amount of false cell type detections and estimation bias. The MIXTURE algorithm was developed both as an R code and as a shiny application available for downloading from GitHub repository (a guide for installation, use, and application of MIXTURE to other data sets is available in Supplementary Material) . It can be easily implemented as a previous digital cytometry step for the determination of cell-type expression profiles from bulk tissues as used by CIBERSORTx (Newman et al. 2019) .
Methods
Mixture: a novel algorithm to infer the immune infiltrate in tissue samples
The (Li et al. 2016; Hunt et al. 2018) are the ordinary least squares (OLS), initially presented by Abbas and colleagues (Abbas et al. 2009) [ABBAS method currently used in TIMER tool by (Li et al. 2016) ], the ν -support vector regression (ν -SVR) implemented in CIBERSORT , the recently presented algorithms: These methods work with non-log RNA-Seq data or one-color microarray technology, as proposed by (Zhong and Liu 2011) , for the preservation of the underlying linear relationship between the observed gene expression profile and the gene signature matrix. On the contrary, DTANGLE, provides proportion estimates by mapping the weighted average difference between the signature and the sample mixture profiles, in the log2 scale, into the unit interval [0,1] by a multivariate logistic function (Hunt et al. 2018 ).
Our newly developed algorithm, MIXTURE, re-estimates ࢢ by iteratively removing the columns of X associated with null coefficients from the regression step, after all estimated coefficients resulted not-null, as in ABBAS, but using the v-SVR approach as a regression function similar to CIBERSORT. However, we observed that floating-point errors affect the inequality comparison ߚ 0 used to define the null coefficients, which produce overestimation of the number of positive coefficients, thus negatively affecting the feature selection step. To avoid these floating-point errors, MIXTURE defines a noise constraint threshold ∆ (equal to 0.007 and chosen through a simulation process (see supplementary material). In this way, active coefficients (i.e. not-null ones) are recognized as those normalized ߚ ∆ , thus identifying the cell types present in the sample (see Supple- mentary Table 1 for MIXTURE algorithm implementation details).
